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Agricultural droughts can create serious threats to food security. Tools for dynamic prediction of drought
impacts on yields over large geographical regions can provide valuable information for drought man-
agement. Based on the DeNitriﬁcation-DeComposition (DNDC) model, the current research proposes a
Drought Risk Analysis System (DRAS) that allows for the scenario-based analysis of drought-induced
yield losses. We assess impacts on corn yields using two case studies, the 2012 U.S.A. drought and the
2000 and 2009 droughts in Liaoning Province, China. The results show that the system is able to perform
daily simulations of corn growth and to dynamically evaluate the large-scale grain production in both
regions. It is also capable of mapping the up-to-date yield losses on a daily basis, the additional losses
under different drought development scenarios, and the yield-based drought return periods at multiple
scales of geographic regions. In addition, detailed information about the water-stress process, biomass
development, and the uncertainty of drought impacts on crop growth at a speciﬁc site can be displayed
in the system. Remote sensing data were used to map the areas of drought-affected crops for comparison
with the modeling results. Beyond the conventional drought information from meteorological and hy-
drological data, this system can provide comprehensive and predictive yield information for various end-
users, including farmers, decision makers, insurance agencies, and food consumers.
© 2014 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/3.0/).1. Introduction
Drought is a recurring natural hazard (Wilhite and Buchanan-
Smith, 2005) that can cause widespread damage to agricultural
production. Although studies in quantitative drought evaluations
have been conducted for almost a century (e.g., Munger, 1916;
Kincer, 1919; Marcovitch, 1930), the capacity for decision support
in actual drought management is still limited. For example, during
an agricultural drought before harvest, questions frequently asked
by decision makers include: howmuch yield reduction the drought
has caused to date; how severe it is in relation to previous droughts
(return periods); and what the consequences would be if the
drought continues? There is no current body of literature that seeks& Software.
aoqingyu@gmail.com (C. Yu).
Ltd. This is an open access article uto fully address these questions in a quantitative way, especially in
large-scale agricultural droughts.
The underlying challenge behind these questions is how to
address the uncertainty of drought development and quantify its
impacts on grain yields. The stochastic nature of drought is an
inherent cause of uncertainty (Refsgaard et al., 2007). It is difﬁcult
to achieve a deterministic prediction of changes in drought severity
because droughts develop slowly and last a long time. Another
important source of uncertainty is from the epistemic constraints.
Drought is often a phenomenon without a clearly deﬁned begin-
ning or end (Whilhite, 2005). The complex mechanisms of how the
drought affects the processes of water, soil, and crop growth are not
well understood. Although there are multiple approaches that are
relevant to agricultural drought management for the quantitative
evaluation of drought severity and effects, the dynamic evaluation
of the uncertainties in predicting the drought impacts on yield
losses has not been well studied.nder the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
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severity and yield impacts include agricultural surveys, drought
severity indices, remote sensing and crop modeling. Agricultural
surveys are still the basic means for obtaining information on
crop-growth status and for predicting grain yield in most coun-
tries. For instance, in the U.S.A., the National Agricultural Statis-
tics Service (NASS) of the U.S. Department of Agriculture (USDA)
makes monthly predictions of agricultural yields based on sta-
tistical analyses of routine survey data. The survey includes in-
ﬁeld observations of crop conditions in major crop-producing
states, as well as interviews with 5500e27,000 farm operators
via mail or phone calls (NASS, 2009a). Due to independent and
unbiased data collection for decades, the monthly yield projec-
tion based on regression analysis produce accurate results when
compared to ﬁnal yield reports. However, in places lacking reli-
able and consistent long-term historical data, this approach is not
feasible.
Various drought indicators have been developed to automati-
cally classify drought severity since the 20th century (Heim Jr.
2002). The indices relevant to agricultural drought are usually
based on the parameters of precipitation, soil moisture, and tran-
spiration. These indices include MAI (moisture adequacy index,
McGuire and Palmer, 1957), CMI (crop moisture index, Palmer,
1968), CWSI (crop water stress index, Idso et al., 1981), SPI (stan-
dard precipitation index, McKee et al., 1993), SMDI (soil moisture
deﬁcit index, Narasimhan and Srinivasan, 2005), SMI (soil moisture
index, Hunt et al., 2009), and ARID (the Agricultural Reference In-
dex for Drought, Woli et al., 2012). Comprehensive drought indices
such as PDSI (Palmer Drought Severity Index, Palmer, 1965) and DM
(Drought Monitor, Svoboda, 2000) also provide important infor-
mation for agricultural drought management. There are multiple
drought indices that are based on information from remote sensing
data, such as VCI (vegetation condition index, Kogan, 1995), and
NDWI (the normalized difference water index, Gao, 1996) for
classifying drought severity. Remote sensing has also been applied
to crop yield predictions (NASS, 2009b). The methods usually relate
historical records of crop yields to vegetation indices derived from
remote sensing data (Murthy et al., 1996; Kogan et al., 2005;
Sakamoto et al., 2013). However, this approach is constrained to
the time frame and geographical area of the study. Though some
regression-based models have been successfully generalized to
new areas, the nature of these methods is empirical, and they are
unlikely to predict crop yields under extreme conditions that are
beyond historical records (Moulin et al., 1998; Becker-Reshef et al.,
2010; Bolton and Friedl, 2013).
Crop models are considered to be valuable tools for improving
agricultural management and decision making. Most crop models
predict yields based on simulating physiological processes during
crop growth. These models include ELCROS (de Wit, 1965), CERES
(Jones and Kiniry, 1986), EPIC (Williams and Singh, 1995), APSIM
(McCown et al., 1996), ALMANAC (Kiniry et al., 1996), WOFOST
(Boogaard et al., 1998; Eitzinger et al., 2004), and AquaCrop
(Steduto et al., 2009). Another branch of models have been devel-
oped for simulating the biogeochemical processes such as carbon,
hydrogen, oxygen, nitrogen, and phosphorus cycles in agro-
ecosystems. Simulating crop growth to predict yields is also an
essential part of these biogeochemical models, such as DNDC (Li
et al., 2006; Zhang et al., 2002) and Century (Gilmanov et al.,
1997). Many of these models have been developed and evaluated
at the ﬁeld scale rather than for large geographic regions (Palosuo
et al., 2011). Most existing crop models are complex, and require
a large number of input parameters that are not readily available
(Steduto et al., 2009). Without establishing detailed agricultural
databases, it is difﬁcult to apply these models for large-scale sim-
ulations of crop growth.One strength of using cropmodels for yield prediction is that the
models allow for a sensitivity analysis (Saltelli and Annoni, 2010;
Pogson et al., 2012; Wang et al., 2013) of how single input param-
eters affect crop growth and yield formation. For supporting
drought management, if the weather data can be input into crop
models, the drought-induced changes of soil moisture and yield
losses can be estimated. Most of the existing methods of providing
future weather data as model inputs are based on historical data.
For example, Du Toit and Du Toit (2003) compared the current
weather conditions with historical data to identify the ﬁve best
ﬁtting years, and used the daily data for the rest of growing season
from these ﬁve analogue years. Bannayan et al. (2003) applied a
weather generator to create future weather data based on the
stochastic analysis of multiple-year historical data, and later
they (Bannayan and Hoogenboom, 2008) developed a weather
analogue tool for predicting daily weather data based on a modi-
ﬁcation of the k-nearest neighbor approach. In the current research,
in addition to historical weather data, we applied a scenario anal-
ysis approach to address the uncertainties of drought development
(Refsgaard et al., 2007; Warmink et al., 2010) and to provide in-
formation about the potential consequences for decision makers if
a given drought scenario is realized.
Beyond the efforts in yield forecasting, there is a need to facili-
tate analysis of past drought probability and permit dynamic
analysis of future drought scenarios. First, a stochastic analysis of
the drought probability is fundamental in risk management
because risk generally is considered as a combination of probability
and damage (Haynes et al., 2008). Second, using return periods
(e.g., a 100-year drought) for evaluating the severity of a natural
hazard is a widely accepted measurement for the public and deci-
sion makers. Quantitative analyses of drought return periods date
to work of Yevjevich (1967), who proposed the run concept for
identifying drought events and their statistical characteristics. Most
of these research efforts have been to derive drought return periods
based on hydrological series (Sen, 1980; Sharma, 1997; Clausen and
Pearson, 1995; Shiau and Shen, 2001; Shiau et al., 2007; Tarawneh
and Salas, 2009) or meteorological data (Gabriel and Neumann,
1962; Serinaldi et al., 2009; Mirakbari et al., 2010; Nú~nez et al.,
2011). For decision support of agricultural drought, however, it is
necessary to evaluate return periods based on drought-induced
yield losses. In addition, return periods are geographically scale-
dependent. For example, if a 100-year drought occurs in a state, it
does not imply the same severity for each county within this state;
instead, the county-level drought may be more or less severe than
the 100-year event. Quantitative evaluations of such scale-
dependent return periods have rarely been reported.
The objectives of the current paper are to describe a Drought
Risk Analysis System (DRAS) that allows the dynamic evaluation of
large-scale yield losses and the calculation of scale-dependent re-
turn periods for agricultural droughts based on yield prediction.
Using scenario analysis approaches, we applied the proposed sys-
tem to quantify drought impacts on corn yields during the 2012
drought in the U.S.A. and to the 2000 and 2009 droughts in
Liaoning Province, China. Remote sensing data were also used for
dynamic veriﬁcation of the modeled results.
Section 2 introduces the methodology of the dynamic evalua-
tion and prediction of drought-induced yield losses, as well as the
software tool for supporting dynamic agricultural drought man-
agement. Section 3 demonstrates applications of the tool for
evaluating the daily impacts of the 2012 drought on corn in the
U.S.A., which applications are associated with remotely sensed
information. Section 4 illustrates the case of the droughts in
Liaoning Province, China, with a focus on the dynamic quantiﬁ-
cation of spatially scale-dependent drought return periods based
on yield losses. The dynamic evaluation of the uncertainty of
Fig. 1. The conceptual design for analyzing the uncertainty of drought impacts on crop
yields. With dynamic monitoring data input, the environmental conditions before the
current time are known, but unknown thereafter. For the future, we assume several
scenarios (S0, S10 … Sn). Combining the past known input variables and the future
data, potential yield changes under different scenarios can be estimated.
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study.
2. Model, methodology, and software
2.1. The DNDC model
The model adopted in the current research is DNDC (DeNitriﬁ-
cation-DeComposition), which was developed at the University of
New Hampshire. This model was initially developed for quantifying
greenhouse gas emission from agricultural ecosystems (Li et al.,
1992), and it was widely applied for yield prediction in later re-
searches (e.g., Babu et al., 2005; Tonitto et al., 2007; Fumoto et al.,
2008). Crop growth in the DNDCmodel is tracked by simulating the
process of crop nitrogen (N) uptake from the environment,
considering stresses from water and temperature. The sources and
dynamic biogeochemical processes of soil N modeled in DNDC
include biological nitrogen ﬁxation, nitriﬁcation, de-nitriﬁcation,
decomposition of organic matter, atmospheric nitrogen deposi-
tion, atmospheric NH3 concentration, and fertilization from human
inputs.
An optimal biomass accumulation curve (see details in Li et al.,
1994; Kr€obel et al., 2011) is used to calculate the maximum rate of
daily biomass increase as well as the potential nitrogen and water
demands according to user-deﬁned parameters. Such parameters
include the maximum yields, the crop water requirements (CWR),
the optimal temperature for growth, the required cumulative
temperature (or TDD: the thermal degree days), the biomass par-
titions and their C/N (carbon/nitrogen) ratios. Themetric of thermal
degree days (TDD) is used to deﬁne the growing duration and the
plant growth index (PGI) by taking the input weather data into
account. The PGI is a ratio (0e1) of the up-to-date accumulative
temperature (
P
dT) to TDD, namely PGI ¼ PdT/TDD. The crop
matures when the PGI reaches 1.
In addition to the availability of N from multiple sources, the
daily biomass growth is also related to the availability of water. The
model simulates changes in soil moisture, the water movement in
multiple soil layers according to the soil properties, and evapo-
transpiration using the PenmaneMonteith equation. If the N or H2O
that is taken up cannot meet the respective daily potential de-
mands, the crop biomass accumulation will be constrained from
the optimal curve. Temperature stress is deﬁned through the user-
speciﬁed optimal temperature and the range of tolerance. The grain
starts to grow if PGI >0.5. According to the user-deﬁned maximum
grain yield, the daily increase in grain biomass is determined by the
potential grain increase and the stresses from nitrogen, water and
temperature. The model allows the crop to recover if the nitrogen
and/or water stresses are relaxed. The technical details of themodel
are found in multiple publications (e.g., Li et al., 1994; Zhang et al.,
2002; Kr€obel et al., 2011) and the DNDC User Guide (www.dndc.sr.
unh.edu).
In any crop-growth model for large-scale yield prediction, in
addition to accuracy, the availability of model inputs is a key issue.
The performance of DNDC in yield prediction has been validated at
both ﬁeld and regional scales worldwide (e.g., Zhang et al., 2002;
Babu et al., 2005; Tonitto et al., 2007; Fumoto et al., 2008; Kr€obel
et al., 2011). We adopted this model because it has a great
strength in simulating the soil nitrogen and water processes, and
because large-scale agricultural databases for the model have been
established. Such agricultural databases (see the DNDC User Guide,
www.dndc.sr.unh.edu) typically include daily weather data, soil
properties (bulk density, pH, SOC, clay ratios), crop parameters (e.g.,
the maximum grain, biomass, C/N ratios, water demands, TDD, and
planting-harvest dates), and management (e.g., fertilization and
irrigation). For evaluating model performance, we use a part ofhistorical climate and yield data to calibrate the model parameters
such as water requirements, maximum yield, TDD, and harvest
index, and then use another part of the data for model validation.
2.2. Methodology
This subsection introduces the methods for handling un-
certainties in drought development based on scenario analysis and
the approaches for deriving scale-dependent return periods.
2.2.1. Scenario-based assessment of dynamic yield losses
When using crop models to predict drought impacts on yield, a
major source of uncertainty is the unknown duration of drought
development. When a drought event occurs, information from
short-term weather forecasts is usually insufﬁcient to predict how
long the drought will last. We used contingency analysis to address
this uncertainty. As shown in Fig. 1, the climate conditions (e.g.,
precipitation and temperature) for the entire growing season of
crops can be divided into known and unknown zones according to
the current time. Monitoring networks can provide dynamic data
for the model to quantify environmental impacts on crop yields
retrospectively. With the passage of time, the known zone becomes
larger, and the unknown zone becomes smaller. For future drought
impacts in the unknown zone, as discussed previously, a possible
approach is to generate weather data as inputs to simulate possible
consequences. In the current research, we set upmultiple scenarios
(e.g., S0, S10, S20,… Sn) for the DNDC model to calculate potential
changes in crop yield. The unknown future (Fig. 1) can be divided
into multiple contingency levels to forecast crop yields and support
appropriate decision making.
In this study, different drought scenarios were speciﬁed in the
DNDCmodel: (1) the drought stops instantly without further water
stress for the rest of the growing season (i.e., S0 in Figs. 1 and 2); (2)
drought continues in a given period of time (e.g., in the next 10, 20,
30, or 50 days), with no more water stress thereafter; and (3)
drought changes with the weather conditions found in the histor-
ical daily data that represent typical dry, medium or wet years.
After receiving the daily data, themodel updates the input variables
and then conducts scenario analysis. The S0 scenario allows the
Fig. 2. The main structure of the Drought Risk Analysis System (DB: database).
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rent date. This is because in the S0 scenario, the model simulates
the crop growth with the monitoring data in the known zone, and
continues to simulate the growth and grain formation until harvest
without any water stress. In this scenario, the model always cal-
culates the daily maximum water requirements, generates the
needed amount of water as an input for daily crop growth, and then
uses the daily temperature data averaged from historical records
for the rest of the growing season. Therefore, the derived yield loss
in the S0 scenario (in Fig. 1) is considered to be the up-to-date yield
loss, and this loss cannot be recovered even if the water supply is
sufﬁcient in future.
Given the yield losses in S0, it is also possible to calculate the
extra yield losses in a scenario if the drought continues. For
example, in a 10-day drought scenario (e.g., S10 in Fig. 1), the model
considers the precipitation to be zero and the daily temperatures to
be the historically high values in the next 10 days. The model uses
such climate data to simulate crop growth for these 10 days, and
then supplies sufﬁcient water afterward for ideal growth until
harvest. The calculated yield change (S10) from S0 is considered to
be the loss induced by the following 10-day drought.
There are different methods for determining the typical dry,
medium, or wet years for scenario analyses. In Liaoning Province of
China, for example, the department of water resources deﬁnes
these years for each county by using historical climate data in hy-
drological analysis. However, in this paper these deﬁnitions were
not adopted because a typical hydrological year does not neces-
sarily correspond to a typical agricultural year. Instead, we used 50-
year daily climate data to run themodel for generating a yield series
dataset after ﬁnishing the validation of the DNDC model. From this
dataset, a year with the yield value close to the average yield is
considered a medium year; and a year with lowest or highest yield
can be considered a typical dry or wet year. These typical years are
manually conﬁrmed with the actual precipitation records, and they
are recorded in the county-level agricultural database so that the
model can retrieve the daily data from the deﬁned typical years as
inputs for scenario analysis.
2.2.2. Quantifying scale-dependent return periods
Drought signals derived from meteorological and hydrological
information may underestimate the severity of drought effects
during the water-sensitive stages for grain formation, or may
overestimate impacts in other stages. Because our method allows
for the dynamic evaluation of drought-induced yield losses, we
quantiﬁed agricultural drought return periods based on yieldprediction during a drought event for the case study of the Liaoning
Province using the following steps.
Firstly, after calibration and validation of the model, we used the
daily climate data (precipitation and temperature) from 1960 to
2009 in the model to generate a 50-year corn yield series for each
county based on a baseline of the current crop parameters, soil
status and management data. The prefecture-level and province-
level yield series data were summarized from the county-level re-
sults. Therefore, every geographic region at different scales has its
own yield series data.
Secondly, based on the yield series datasets, we determined that
the GEV (generalized extreme value) distribution can generate the
best-ﬁtting curves for the counties, the prefectures, and the prov-
ince. This distribution was selected from over 50 different types of
probability distributions according to the AndersoneDarling test by
using the software EasyFit (www.mathwave.com). The probability
density function f(x) for a GEV distribution can be expressed with
equation (1), and its cumulative distribution function F(x) is deﬁned
in equation (2). For the drought situation, if the yield loss is x, the
return period T ¼ 1/F(x).
f ðxÞ ¼
8><
>:
1
s
exp

 ð1þ kzÞ1=k

ð1þ kzÞ11=k ks0
1
s
exp

 z expð  zÞ

k ¼ 0
(1)
FðxÞ ¼
(
expð  ð1þ kzÞ1=k ks0
expð  expð  zÞÞ k ¼ 0 (2)
where m is the location parameter of the maximum f(x); k is the
shape parameter, s as the scale parameter, and z ¼ (x-m)/s.
Finally, using the derived 50-year corn yield datasets, we
applied the EasyFit tool to generate the GEV parameters of m, s and
k for the best-ﬁtting curve for each administrative division. Once
the values of m, s and k are deﬁned for a geographic region, the
return-period values for this region can be calculated according to
the modeling results of drought-induced yield losses.
2.3. Software: The Drought Risk Analysis System
Based on the DNDC model and the scenario-based dynamic
drought analysis approach, a software system entitled Drought Risk
Analysis System (DRAS) was developed to allow dynamic analysis
of drought-induced yield losses. This system can also map remote-
Fig. 3. The black line represents the modeled daily corn yield losses (S0) in the United
States during the 2012 drought, and the red line is the monthly yield forecast by NASS.
The orange lines are an example of scenario analysis by assuming that the current time
is July 1st, and the expected maximum corn yield would be S0 if the drought stops
immediately, and S10, S20, or S30 if the drought continues in the next 10, 20, or 30
days. (For interpretation of the references to colour in this ﬁgure legend, the reader is
referred to the web version of this article.)
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yield-based drought return periods.
Fig. 2 shows the data ﬂow and the main structure of the agri-
cultural Drought Risk Analysis System (DRAS). It includes three
modules: the DNDC model, a drought analysis engine, and a web-
based geospatial tool (WebGIS). The input data can be read from
climate databases, agricultural databases, and remote sensing data.
The climate database can be further connected with themonitoring
network. The drought analysis engine plays a pivotal role in man-
aging the data ﬂow, running the model, and publishing the
resulting maps on the web. This system was ﬁrst installed in a
drought management ofﬁce in Liaoning Province, China in 2012.
When the monitoring data are received by the climate database
every day, the drought analysis engine automatically reads the new
data, checks for data errors, and converts the data into the DNDC
input-data formats. It then uses the DNDC model to simulate crop
growth according to the predeﬁned scenarios. Once the modeling
tasks are completed, the drought analysis engine transfers the
modeling results into map formats and delivers the maps to
WebGIS for online publication. Currently remote sensing data are
still based on manual access to the data sources and relatively in-
dependent data processing. Many functions (e.g., data conversion
and data mapping) in the current version of this system were still
speciﬁcally designed for the Liaoning Province. A more generic
version is under development that will allow dynamic publication
of modeling results via the Internet.
3. Case 1: dynamic yield prediction in the 2012 U.S.A. drought
In 2012, the worst drought since the 1950s had affected 84% of
the corn growth in the United States (USDA, 2012a). In July, the
USDA declared more than 1000 counties to be drought disaster
areas, and global corn prices surged nearly 23% (USDA, 2012b).
While the USDA released monthly predictions of grain yields to the
public, it was difﬁcult to know how the drought would further
affect the grain yield. Based on a well-established database of
county-level soil, fertilization, and crop parameters, we started
collecting the additional data required by DNDC, calibrating and
verifying the model in June, 2012. In September and October, we
applied the model to predict corn yields. The predicted results
(Figs. 3e5) were presented in a meeting conducted in the ofﬁce of
the U.S.A. National Agricultural Statistics Service (NASS) on
November 19th, 2012.
The agricultural crop database for the United States has been
designed for model inputs. The soil data were from the U.S.A.
Natural Resources Conservation Service (NRCS, http://
sdmdataaccess.nrcs.usda.gov/, accessed on July 07th, 2014). The
historical county-level data of management, corn yields, and har-
vested areas were from the USDA (www.nass.usda.gov/Data_and_
Statistics/index.asp, accessed on July 07th, 2014), and the climate
data from NOAA (www.ngdc.noaa.gov/ngdcinfo/onlineaccess.html,
accessed on July 07th, 2014). A part of the climate and yield data
between 2000 and 2011 were used for model calibration, and
another part for model veriﬁcation. Remote sensing data were used
to separate irrigated and rainfed corn ﬁelds and to downscale the
county-level model estimation to 500 m resolution via spatial
interpolation. The products applied in the current research include
the 30 m corn maps in USDA Cropland Data Layer datasets pro-
duced frommulti-sensor imagery (Han et al., 2012), and the 250 m
irrigation maps in USGS derived from MODIS data (Pervez and
Brown, 2010). In addition, MODIS 8-day 1 km LAI data from USGS
(Myneni et al., 2002) after time-series ﬁtting (Jonsson and Eklundh,
2004) were compared with model estimates.
Fig. 3 shows the modeled corn yields for the entire U.S.A. using
the 2012 daily weather data from June to October. After receivingdaily data, a best-case scenario (S0) was applied. Additionally, we
used the model with daily-generated scenario data to assess po-
tential, future drought-induced losses. For example, on July 1st
(Fig. 3), the modeled national corn yield was 157 bushel/acre if the
drought ceased. It declined further to 149, 139, or 130 bushel/acre
under scenarios of continued drought for 10, 20, or 30 days (i.e., the
S10, S20, or S30 scenarios), respectively. In Fig. 3, the black line
represents the modeled daily corn-yield changes (S0) in the United
States, which in general, agrees with the monthly projected yields
(i.e., the red line) by NASS. By the end of October, 2012, the model
predicted an average corn yield of 120 bushels/acre, which was
remarkably close to the 123 bushels/acre as reported by the USDA
in February 2013.
Fig. 4 illustrates the spatial distributions of the daily corn-yield
losses in the Corn Belt, and the daily projected yield losses under
the scenarios without rainfall during subsequent 10 and 30 days.
The results show that the scenario map with an extra 30-day
drought on June 1st is consistent with geographical patterns as of
July 1st yield-loss, after update from the observation data; and the
30-day scenario map of July 1st is consistent with August 1st yield
loss. This indicates that the drought in these periods of time was
close to the worst case. After mid-August, the total yield losses
(Fig. 3) and their distributions (Fig. 4) become highly certain,
showing minimal changes up to harvest time.
The modeled results were compared with dynamic information
from remote sensing to enhance our understanding of crop
development in response to drought. Fig. 5 shows the anomalies of
Leaf Area Index (LAI) retrieved from Moderate Resolution Imaging
Spectrometer (MODIS, i.e., the 8-day data series from2001 to 2012),
which have similar geographic distributions to the modeled
biomass anomalies from DNDC in both space and time during the
drought. In Fig. 5, some differences between the modeled results
and LAI are evident. The irrigated areas in the southeast of Nebraska
(denoted by white circles) were assumed to be unaffected by the
drought in our model, but experienced large LAI anomalies from
MODIS in August. According to the NASS yield reports, the drought
impact in this area was relatively small, demonstrating that the
model generated a better prediction than that would have been
inferred from MODIS LAI. The southeast corner of North Dakota
(marked with the green circle) experienced a long-lasting but
moderate drought, and the model predicted moderate impact on
corn biomass and yield in this area. This impact was not apparent
Fig. 4. Distributions of the expected daily corn yield losses (the modeled yield departure from the average county-level values of 2000e2011) in the Midwest Corn Belt for three
reference dates; and the projected yield changes under the scenarios with continuous drought in the next 10 days and 30 days (map resolution: 500 m). The green areas represent
the irrigated corn ﬁelds, without yield losses. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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DNDC when compared with NASS reports. This suggests that the
integration of remote sensing data and crop modeling can assist in
the identiﬁcation of modeling errors.
Following the release of the 2012 harvest data by the USDA, we
found that the model was able to make accurate prediction of corn
yields over large areas. At the national level, the modeled reduction
in U.S.A. corn production was 18% of the average yield in
2000e2011. Yield was predicted at 120 bushel/acre, with 98%
similarity of that reported by the NASS (123 bushel/acre) in
February 2013. At the state level, the modeled values of corn yield
correspondedwell with actual harvest values (Fig. 6). Themodeling
indicated that irrigation played an important role in moderating
the drought impacts on many corn-producing regions located in
the South, West and Midwest states. Overall, irrigation offset 7% of
the nationwide drought damage.
The model can also be used to explain the detailed drought
impacts on crop-development processes in any speciﬁc county.Fig. 7 demonstrates the daily biomass growth and crop water stress
in 2012 for two typical corn-producing counties: Nobels County in
Minnesota (Fig. 7-A) and Woodford County in Illinois (Fig. 7-B).
These modeling results show that severe water stress started at the
end of June in Woodford and in early July in Nobels. Similar pat-
terns of drought impacts were captured at the regional scale for the
corn-producing states. The prolonged water stress substantially
reduced yields in July and August when the crop was in tasseling
and silking stages, which are especially sensitive to water stress.
From the daily outputs, users can understand how the processes of
biomass and yield formation in 2012 differ from other years. The
differences are illustrated for 2007 in Fig. 7.
4. Case 2: scale-dependent dynamic drought return periods in
Liaoning, China
Liaoning Province is located in the northeast of China (Fig. 8a),
with a total terrestrial area of 148 thousand km2. This province
Fig. 5. The MODIS LAI anomaly (departure from the average values of 2007e2011), and the DNDC modeled biomass anomaly in 2012 for the U.S.A. corn ﬁelds (map resolution:
500 m). The Green and white circles indicate two places with great differences between the MODIS and DNDC signals. A and B show the locations of the Nobels County of Minnesota
and the Woodford County of Illinois for Fig. 7 (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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counties with agriculture production. Its annual precipitation
ranges from 450 to 1100 mm (Fig. 8b). Drought events occur
frequently in the northwestern part of the province but are rare in
the east. In recent years, the planted areas of corn, rice and soybean
have represented approximately 70%, 18%, and 5% of the total
farmland, respectively. Most corn and soybean are rainfed. We
started developing the scenario-based analysis approach for dy-
namic evaluation and prediction of drought-induced yield losses in
a case study on the northwestern Liaoning in 2009 and then
extended it to the entire province. The ﬁrst version of the Drought
Risk Analysis System (DRAS) was installed in a drought manage-
ment ofﬁce in Liaoning Province, China, in 2012. We use the 2000
and 2009 droughts as a case study. Output results similar to thoseFig. 6. Comparisons between the reported state-level corn yields from NASS aillustrated in the case study in the U.S.A. can be delivered to the
relevant decision-making ofﬁce. This section focuses on dynamic
evaluation of the spatially scale-dependent return periods based
and the daily predicted corn yield losses in the Liaoning Province.
As described in the methodology section, we used 50-year yield
series data to generate the GEV parameters of m, s and k for the best
ﬁtting curve in each geographic region. Once these parameters
were determined, a return period was calculated by using the
modeling result of drought-induced yield loss. Fig. 9a, for instance,
illustrates the calculated return periods of drought-caused corn
yield losses for the entire Liaoning Province from 1960 to 2009. The
result indicates that the drought severity and frequency in this
region after the mid-1990s have increased considerably during
these 50 years.nd the estimated yields from modeling for (A) 2000e2011 and (B) 2012.
Fig. 7. Examples of the simulated processes of daily biomass (kg/ha) accumulation (Biomass12), and corn water stress (WatgerStress12) in the Nobels County of Minnesota (Fig. 5-A)
and the Woodford County of Illinois (Fig. 5-B) in 2012, compared with a moderate year in 2007 (Biomass07 and WatgerStress12). Water stress means the ratio of the daily crop
water taken from the soil to the potential transpiration (1: no stress, 0: extreme stress).
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demonstrate that the return periods depend on the geographic
scale. Fig. 9b shows that the modeled corn yields compared with
the measured values recorded in the statistical yearbooks. Fig. 10
displays the modeled daily changes of the return periods in at the
province, prefecture, and county levels based on the yield predic-
tion in the S0 scenario in Fig. 1. The province encountered a
widespread drought in 2000. The modeling results indicate that it
was a 127-year drought for the province on the harvest time,
although the return periods were less than 100 years for most
counties and prefectures. Most of the yield losses in the 2000
drought occurred in July and August during the corn ﬂowering and
grain setting stages. In 2009, only a part of counties were affected
by the drought. While the return periods in the two western pre-
fectures are more than 20 years, for the province it was only a 7-
year drought. Using the scenario-analysis approach (Fig. 1), the
Drought Risk Analysis System can also predict the changes of return
periods if the drought continues for a given period of time. Such
dynamic and scale-dependent information can help institutions
responsible for drought management in assessing the drought
impacts within their administrative boundaries and responding
rationally during the drought.
The Drought Risk Analysis System (DRAS) can also provide
useful information for users to dynamically identify the uncertaintyFig. 8. (a) The mainland of China, and the location of Liaoning Proof drought impacts. Fig.11 shows an example of the daily evaluation
of the uncertainty during the 2009 drought in Chaoyang County,
located in the west of Liaoning Province. Using the historical
climate data from typical dry, moderate, or wet years (see Section
2.2) as the upcoming weather scenarios thorough harvest, it is
possible to identify the range of biomass changes between the
scenarios. As illustrated in Fig. 11, in the early stage (June 15th), the
range between the wet-year and dry-year scenario are large, but
the range decreases with time. On August 15th, the yield loss be-
comes highly certain no matter how much rainfall is received
thereafter. As long as the model performance is reliable, it can
provide users with valuable information to evaluate the uncer-
tainty of drought impacts on crop growth.
5. Discussion
This study developed a scenario-based approach to the dynamic
evaluation of the uncertainties associated with predicting drought-
induced yield losses, a method for scale-dependent assessment of
drought return periods based on yield information, and a software
tool (the Drought Risk Analysis System) based on the DNDC model.
The daily maps of the modeling results can help users understand
the changes and distributions of the current yield losses and
the potential consequences of different scenarios for droughtvince; (b) the average annual precipitation in Liaoning (mm).
Fig. 9. (a) The calculated return periods of drought-induced corn yield losses for Liaoning Province; (b) the modeled (x) vs. the measured (y) county-level corn yields during the
2000 and 2009 drought events (units: kiloton).
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drought-affected areas to allow users to conﬁrm the modeling re-
sults during the drought. In addition to the broad-scale informa-
tion, the system can also provide detailed information on the
water-stress process and the uncertainty of biomass development
at any speciﬁc site. The maps of the scale-dependent drought re-
turn periods are based on yield evaluation, and they can help de-
cision makers at various levels evaluate the dynamics of drought
impacts on agriculture. In comparison with the current approaches
to evaluate the severity of droughts, the Drought Risk Analysis
System (DRAS) can provide much more comprehensive, predictive,
and detailed information on the consequences of drought impacts
on food production.Fig. 10. The daily evaluation of the scale-dependent drought return periods according to t
events.Although the DNDC crop model performs reasonably for eval-
uating the drought impacts on yields, it does not consider factors
such as disease, insect outbreaks, inundation, hail and hurricanes.
These can create uncertainties when historical data are used for
model calibration and validation. In irrigated farmlands, how
farmers managewater resources remains unknown. In this paper, it
was assumed that water was always sufﬁcient for the irrigated
lands, but this assumption could generate errors if the actual water
resources were limited during the drought. Therefore, it is neces-
sary to consider the timing irrigation and the amount of water
applied as dynamic inputs to improve yield prediction.
In the future, several improvements could be made to the cur-
rent study. First, based on the daily impact assessment, it is possiblehe dynamic prediction of drought-induced yield losses in the 2000 and 2009 drought
Fig. 11. Daily prediction of the biomass (kg/ha)development in Chaoyang County during the 2009 drought event using the historical data of the typical dry, moderate, or wet years.
(a) the development of straw biomass using the typical wet-year data after the current day; (b) the development of straw biomass using the typical moderate-year data; (c) the
development of straw biomass using the typical dry-year data; (d) the development of grain biomass using the typical wet-year data; (e) the development of grain biomass using
the typical moderate-year data; (f) the development of grain biomass using the typical dry-year data.
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prediction from climate modeling and thus evaluate the probabil-
ities and risks of different drought scenarios for better decision
support. Second, we have begun to extend the data beyond the
geographic regions of Liaoning and the U.S.A., and we started to
extend the model and associated databases to all of China and to
include corn, wheat, and rice. It would be possible to build a global
agricultural drought assessment system for the dynamic prediction
of the worldwide grain production. Finally, irrigation is crucial in
many counties, so adding a more sensitive treatment of irrigation
by building broad-scale hydrological models in the Drought Risk
Analysis System would improve its ability to evaluate dynamic
changes to the water resources and enhance agricultural water
management.
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